Abstract. 
Introduction
Predicting the ocean's eddying mesoscale ocean circulation requires a combination of numerical modelling and ocean observations. Observations are typically sparse in time and space relative to the dimensionality of the ocean and do not capture the complete, 3-dimensional structure of the circulation. Numerical models allow us to solve the physical equations that govern the ocean circulation on a discritised grid, but the mesoscale circulation is chaotic and models alone are unable to correctly predict the timing and location of the eddies. Using data assimilation techniques to combine the observations with the model allows the model to interpolate in time and space between observations and provide a complete ocean state estimate that represents the observations. Both the observations and the model are subject to uncertainties which are taken into account in the assimilation process. Data assimilation for state-estimation is important for ocean forecasting as it allows regular updates of the initial conditions with an ocean state estimate that has reduced uncertainty.
In this work, we use 4-dimensional variational data assimilation (4D-Var) to solve for increments in the model initial conditions, boundary forcing, and surface forcings such that the difference between the model solution of the time-evolving flow and all available observations is minimised over an assimilation interval. 4D-Var uses the linearised model equations and their adjoint to solve for the increments and the length of the interval is limited by the validity of the linear assumption. In performing these calculations we compute the sensitivity of the ocean state to each individual observation, and this information c 2018 American Geophysical Union. All Rights Reserved.
can be used to quantify how particular observation platforms contribute to estimates of specific circulation metrics.
Mesoscale eddies are particularly energetic in Western Boundary Currents (WBCs) [Zhai et al., 2010; Jia et al., 2011; Beal and Elipot, 2016] , and these dynamic systems are typically challenging regions to predict [e.g. Metzger et al. [2014] ] and observe [e.g. Roughan et al. [2014 Roughan et al. [ , 2017 ]. The southward flowing EAC is the WBC of the South Pacific subtropical gyre; it dominates the ocean circulation along the southeast coast of Australia and is characterised by high mesoscale eddy variability [Mata et al., 2006] . The current strengthens and typically separates from the coast between 31-33
• S (the EAC separation point) forming large warm-and cold-core eddies that make up the energetic eddy field in the Tasman Sea [Godfrey et al., 1980; Oke and Middleton, 2000; Wilkin and Zhang, 2007] .
The EAC presents an ideal laboratory for examining how ocean observations can inform state estimates of an eddy-dominated boundary current. In particular, the changing regime as the current flows poleward allows us to assess the relative impact of observing variables from different platforms in different dynamical regimes.
We have developed a numerical model of the south-eastern Australia oceanic region that extends from north of where the EAC is most coherent and encompasses the eddy field in the Tasman Sea ( Figure 1a ). We use 4D-Var data assimilation to assimilate observations from a variety of platforms over a 2-year period (2012) (2013) [Kerry et al., 2016] and, in this paper, quantify the impact of specific data streams on estimates of the EAC.
The EAC and its associated eddy field dominate the circulation along the east coast of Australia. We define measures of volume transport and eddy kinetic energy (EKE) for the observation impact calculations to identify observations that best constrain EAC transport c 2018 American Geophysical Union. All Rights Reserved.
and the intensity of the eddy field. As the current dynamics vary latitudinally from a more coherent current in the north to an eddy-dominated regime to the south, we consider volume transport through 4 shore normal sections spanning the EAC dominated region.
Because eddies dominate the circulation in the Tasman Sea after the EAC separates from the coast, we chose the metric to describe eddy intensity as the spatially-averaged EKE over a region of the Tasman Sea. The results identify the most influential observation types and locations and may help towards improving observing system design for better state-estimation and prediction.
Methodology

Data assimilative model configuration
For the EAC region, we have configured a high-resolution (2.5-6km) numerical ocean model using the Regional Ocean Modelling System (ROMS 3.4). The model takes boundary forcing from the BlueLink ReANalysis (BRAN3, Oke et al. [2013] ) and uses atmospheric forcing from the Australian Bureau of Meteorology's ACCESS reanalysis [Puri et al., 2013] . This configuration provides a good representation of the mean and variability of the mesoscale EAC circulation [Kerry et al., 2016] and does not include the tides.
We use 4D-Var data assimilation to constrain the model with 2 years of observational data (2012) (2013) , from a variety of traditional and newly available observation platforms, and assimilate over 5-day time windows to ensure that the linear assumption remains reasonable. The background error covariances are estimated by factorisation following Weaver and Courtier [2001] . We only prescribe univariate covariance; the dynamics are coupled through the use of the tangent-linear and adjoint models in the assimilation, but not in the statistics of the background error covariances. The data assimilation system achieves c 2018 American Geophysical Union. All Rights Reserved. a significant reduction in the difference between the modelled solution and both assimilated and independent observations, providing a dynamically-consistent 'best-estimate' of the ocean state over the 2-year period.
The assimilated observations include;
• AVISO SSH; Daily, gridded (1/4 • x 1/4 • ) satellite-derived Sea Surface Height (SSH) data from Archiving, Validation and Interpretation of Satellite Oceanographic Data (AVISO) [CNES , 2015] .
• NAVO SST; Sea Surface Temperature (SST) from the US Naval Oceanographic
Office's Global Area Coverage Advanced Very High Resolution Radiometer level-2 product (NAVOCEANO's GAC AVHRR L2P SST). Data has a resolution of 4km and are available 2-3 times per day.
• Aquarius SSS; Daily, gridded (1 • by 1 • ) satellite-derived Sea Surface Salinity (SSS) from the National Aeronautics and Space Administrations's Aquarius satellite (www.aquarius.umaine.edu).
• Argo floats; Temperature and salinity from 1229 profiles of the upper 2000m from Argo floats (www.argo.ucsd.edu).
• XBT; Temperature profiles from Expendable Bathythermographs (XBT) along repeat lines; PX34 which is the Sydney-Wellington route, and PX30 which is the BrisbaneFiji route.
• HF Radar; Ocean Radar Network (ACORN, http://imos.org.au/acorn.html) and the radial velocities are assimilated directly following the method described by De Souza et al. [2015] .
• NSW Shelf moorings; Temperature and velocity data from 3 moorings located along the New South Wales (NSW) continental shelf, located off Coffs Harbour, 30
• S (CH100) and Sydney, 33.9
• S (SYD100 and SYD140).
• SEQ Shelf moorings; Temperature, salinity and velocity data from 2 moorings located on continental shelf and shelf slope off Brisbane in South East Queensland (SEQ), 27.5
• S, (SEQ400 and SEQ200) in approximate water depths of 400m and 200m, respectively.
• EAC Transport Array; An array of five deep water moorings (EAC 1-5) which measure temperature, salinity and velocities throughout the water column. The array is the offshore extension of the SEQ shelf moorings off Brisbane, was positioned where the EAC is predicted to be most coherent and was designed to measure the mean and time-varying EAC transport [Sloyan et al., 2016] .
• Ocean Gliders; Temperature and salinity profiles from autonomous ocean gliders [2016]). The temperature and velocity observations from the moorings are collected at high sampling frequencies (every 5-10 minutes) and are processed prior to assimilation to remove high frequency variability not resolved by the model. The temperature observations are low-pass filtered to remove variability at periods shorter than the inertial period and the observations are applied 6 hourly in the assimilation. Velocity observations are low-pass filtered at 30 hours to remove variability due to tides and inertial oscillations and applied 6 hourly. It is important to remove the tidal signal from velocity observations as the barotropic tidal velocities are of a similar order of magnitude to the sub-tidal velocities. The speeds and angles of the radial velocities from the HF radar are spatially averaged onto the model grid and a 24 hour boxcar-averaging filter is used to remove tides and inertial oscillations that are not resolved by the model. The number of observations (after processing) from each observation platform for each 5-day assimilation window is shown in Figure 2a . The SST data is patchy with a varying number of observations per assimilation window as the satellites do not provide observations through clouds.
The reader is referred to Kerry et al. [2016] for a thorough description of the model configuration, data assimilation scheme, observations, and the reanalysis performance.
Observation impacts
We are interested in understanding how the observations impact our estimate of the ocean circulation. In solving the state-estimation problem with 4D-Var, we compute the dynamical error covariance between the observations and the model that allows us to directly compute the impact of each observation on the circulation estimate. This paper does not aim to provide a thorough mathematical description of 4D-Var data assimilation, which can be found in Le Dimet and Talagrand [1986] ; Talagrand and Courtier [1987] ;
c 2018 American Geophysical Union. All Rights Reserved. Thépaut and Courtier [1991] ; Courtier et al. [1993 Courtier et al. [ , 1994 We use 4D-Var to adjust the forecast model initial conditions, boundary conditions and surface forcing such that the difference between the new model solution (the analysis) and the observations is minimised, in a least squares sense, over the assimilation time window.
The state estimation problem can be written as; In order to quantify the observation impacts we must define a scalar measure of the ocean circulation that is a function of the model state variables, J = Q(x), where x is the model state vector (all model state variables, boundary and surface forcings). As such, we are interested in how our scalar measure of the circulation J changes over the assimilation interval, c 2018 American Geophysical Union. All Rights Reserved.
It follows that,
A first order Taylor Expansion gives, given by,
Here we use these methodologies to understand how observations impact estimates of five different scalar measures of the ocean circulation. We look at estimates of volume transport through four shore normal sections and of spatially-averaged EKE over a specified region in the Tasman Sea. The circulation measures are defined below.
Alongshore volume transport
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The four shore normal sections are shown in Figure 1a overlain on a plot of the RootMean Squared (RMS) SSH observation anaomaly from 10 years of AVISO data, providing a measure of SSH variability. The sections are located shore normal from the coast originating at;
• Brisbane: 27.5
• S,
• Coff Harbour: 30.3
• Sydney: 33.9
• S, and
The cross sectional area over which we compute the transport is based on the mean alongshore velocity, v, sections from the 2-year reanalysis, shown in Figure 1c -f. The transport is computed for the region within the 0.05ms −1 contour. The mean current weakens and deepens as it moves poleward, and so the cross sectional area for the transport computation is different for each section.
For each of the four sections, our chosen measure, J, is the mean volume transport through the section over the 5-day assimilation window. The transport through a rectangular shore normal section from cross shore distance x 0 to x i , from the surface down to a chosen depth -D, averaged over the time interval from t 0 to t 0 + T , is given by,
where v is the alongshore velocity and J has units of Sv. Computing the transport through the chosen cross sectional area (within the 0.05ms −1 contour in the v mean) we
, where i 0 to i end are the grid cell indices within the area, the overbar represents the time-mean over the 5 days, v is the alongshore velocity and c 2018 American Geophysical Union. All Rights Reserved.
dxdz is the cell area. For volume transport we use the first order formulation (Equation 4) for the impact calculation.
Eddy kinetic energy
We investigate the observation impacts on a scalar measure describing EKE over the region of elevated SSH variability in the Tasman Sea. Our chosen measure, J, is the mean EKE over each 5-day assimilation window, spatially-averaged over the area shown in Figure 1a and from the surface to a depth of 450m. The upper 450m was chosen as the EKE is highest in this depth range. The EKE averaged over the area from x 0 to x i and y 0 to y i , from the surface down to a chosen depth D = 450m, averaged over the time interval from t 0 to t 0 + T , is given by,
where u and v are the cross and alongshore velocities, respectively, the overbar denotes the time-mean, A is the total area, and J has units cm 2 s −2 . Computing this from the model output for grid cell indices i 0 to i end inside the chosen area and to a depth of 450m,
where dxdydz is the cell volume and V is the total volume. Because the EKE calculation has squared terms, we use the second order Taylor expansion formulation (Equation 5) for the impact calculation.
Results
Alongshore volume transport
The EAC flows poleward and is most coherent off Brisbane (27.5
• S), also the location of the EAC mooring array [Sloyan et al., 2016] . At Coffs Harbour (30.3
• S), just upstream of where the EAC typically separates from the coast, the time-mean EAC transport is c 2018 American Geophysical Union. All Rights Reserved.
greater than that at off Brisbane due to recirculation [Kerry et al., 2016] . analysis. The number of observations from each observation platform is shown in Figure   2a . The transport increments range from about +/-8 Sv and are typically a factor of two smaller than the tendency term (the change in 5-day averaged transport from one 5-day window to the next). For the four sections, the mean of the absolute value of the increments is 8-11% of the mean transport.
The contribution of each observing platform to changes in the model estimates varies considerably over the 2-year period, as it depends on the evolving flow and the observation coverage for each specific assimilation window. It should be noted that, because the impacts are scaled by the innovations, high impacts often occur when the model-data differences are large; for example, for observations in regions where the model state more rapidly evolves in the forecast. Furthermore, because we are summing the individual impacts over all observations in each platform, observation platforms with greater data volume are often more dominant. Observation impact differs from observation sensitivity (see Moore et al. [2011b] ) which describes the sensitivity of circulation estimates to changes in the observations and is independent of the actual values of the observations.
Interpretation of the impact results with respect to these considerations is discussed in more detail in Section 4 below.
Time-averaged observation impacts
Averaging the impacts of each platform over all assimilation windows over the 2-year period provides an overview of the average dominance of the various platforms. This is presented in Table 1 platform, p, as a percentage of the total summed absolute impacts across all platforms, averaged over the 2 years. The percentage impact of each platform is given by,
where i = 1 : n, n is the number of assimilation intervals, and p = 1 : N , where N is the number of platforms, and I i,p represents the impact of platform p for assimilation interval i (in Sv).
The SST observations dominate the number of observations and have the greatest impact on average over the 2-years for the Brisbane, Sydney and Narooma sections. For the Coffs Harbour section, the HF radar observations have comparable impact to SST on average. The other platforms that have significant impacts at all four sections are the HF radar, the satellite derived SSH, the EAC transport array, and the gliders. The influence of the HF radar array and the EAC mooring array is far-reaching. The HF radar observations dominate the impacts for the Coffs Harbour section, where the instruments are located, but also have significant impact on transport estimates both up and downstream.
Likewise, the EAC array has the greatest impact at its location at 27.5
• S but also impacts estimates as far as Narooma, 1000 km downstream.
The percentage impacts of SSH and SST observations are greatest for the two poleward sections (Sydney and Narooma) that traverse the more eddy dominated region, compared to the Brisbane and Coffs Harbour sections where the EAC flow is more coherent. Conversely, the HF radar observations are more dominant off Coffs Harbour and Brisbane relative to the two poleward sections, as the radar array constrains the EAC flow. The
Brisbane cross section is located where the EAC is most coherent [Sloyan et al., 2016] and c 2018 American Geophysical Union. All Rights Reserved.
off Coffs Harbour the EAC is observed as a coherent jet in the HF radar footprint where it flows on average within 50 km of the coast [Archer et al., 2017] . Further south, eddies dominate and influence the transport through the Sydney and Narooma sections, and the satellite observations are particularly useful in constraining the eddies.
From the 20 March 2013 to the 22 July 2013, two glider missions extended into the eddy field offshore of Sydney reaching depths of 900m. Over this period, the glider observations had a significant impact on transport estimates off Sydney and Narooma, as well as at the cross sections to the north. Indeed, if we compute the percentage impact in the same way as for 
Latitudinal dependence
The EAC flow evolves from north to south with a deepening and weakening of the 
32-37
• S (Figure 1a ), compared to observations in the other, less eddy dominated regions to the north and south. (Figures 6f-g ).
Depth dependence
In a similar manner to the above analysis in latitude bins, we can examine the observation impacts in depth bins for the observation platforms providing subsurface data.
In Figure 7 we present the observation impacts with depth for three chosen circulation metrics; transport through 27.5
• S (Brisbane), transport through 33.9
• S (Sydney) and spatially-averaged EKE in the Tasman Sea (presented in the next section). Grouping the observations into 50m bins, the absolute values of the impacts of all observations that fall within each bin over all assimilation windows are grouped by observation platform and summed (Figures 7a-c) . The number of observations in each bin are shown in Figure 7d c 2018 American Geophysical Union. All Rights Reserved. thus contributing to large changes in the circulation measures relative to the number of observations made.
Eddy Kinetic Energy
EKE describes the energy associated with the velocity perturbations about the mean flow (Equation 7). It provides a measure of the circulation variability about the mean which, in a mesoscale setting, is typically associated with the eddies. While the free running ocean model is configured to correctly represent the spatial distribution and intensity of the mesoscale variability on average, correct representation of the timing, locations and strength of individual eddies requires data assimilation. Over the 5-day forecast, the eddies may evolve differently and the purpose of the analysis is to adjust the model such that the eddies' evolution better represents the observations. The observation impacts on spatially-averaged EKE describe how specific observations contribute to the adjustments affecting eddy intensity in the Tasman Sea region.
Time series of the averaged EKE computed from the forecast and the analysis are shown in Figure 8a . For the impact calculations we use the second order formulation (Equation
5
) and the increment ∆J, representing the transport difference between the two nonlinear models, matches closely the sum of the observation impacts for all observations (black and green lines in Figure 8a ). The EKE increments range from -17cm 2 s −2 to +32cm 2 s −2 , and the mean of the absolute value of the increments is 6.5% of the mean EKE value over the 2 years (135cm 2 s −2 ).
The contribution to the EKE increments for each observation platform are shown in Figure 8b and the average percentage impacts over the 2-year period presented in Table   1 . As for volume transport, the gliders also have large impacts on the EKE over the time c 2018 American Geophysical Union. All Rights Reserved.
period when they sampled eddies offshore of Sydney (20 March 2013 and 22 July 2013).
Computing the average percentage impacts as in Table 1 Grouping the observation impacts on EKE into depth bins (Figure 7c and 7g) reveals that the gliders and the EAC array are the most valuable subsurface observations in constraining the EKE. Similar to the volume transport metrics, the greatest summed impacts occur in the upper 250m of the water column while the impacts normalised by number of observations are largest for measurements in the upper 400m.
Discussion
Interpreting observation impact
To understand how we might improve sampling strategies, it is useful to understand why certain observations might have greater impacts on the circulation estimates than others and how the observations adjust the model. There are several advantages of the methodology used in this study to compute observation impacts, which was also used by Moore et al. [2011b] and Powell [2017] . This method considers the complete assimilation system with the full suite of assimilated observations and, because we compute the impact of each specific observation, we can quantify the relative impact of different data streams, observed variable types and observation locations. For example, in this study we quantified the impact of a number of data streams without the need to run several simulation experiments, we studied the time variable impacts, and we quantified how the c 2018 American Geophysical Union. All Rights Reserved.
observation impacts vary in space (both latitudinally and with depth). However, several considerations must be made when interpreting the observation impact results.
Firstly, as shown in Equation 4
, the impact is scaled by the forecast-data difference (the innovation). Observation impact quantifies the contribution of specific observations to changes in a specific circulation estimate, and larger forecast-data differences will typically result in larger changes to the model state (with the associated model background and observation errors accounted for) resulting in larger changes to the chosen circulation metric. Higher innovations are likely to occur in regions where the forecast skill degrades more quickly, resulting in high impacts for observations taken in these regions. High innovations may also result from bad data, but careful preprocessing of the observations in this study minimises the risk of assimilating bad data. As such, observations taken where the model forecast innovations are small will have low impact, yet these observations may still be important to the observing system.
Observation sensitivity (see Moore et al. [2011b] ) is independent of the actual values of the observations and is more suited to asses the value of a particular type of observation independent of the forecast errors. However, for a specific region and assimilation system, observation impacts are useful as they show the value of observing regions where forecast errors are likely to grow more quickly. For example, this study highlights the importance of observing regions of high variability, where the model may deviate the most over the forecast period; however, clearly observations of the less variable, slowly evolving regions are still important. Understanding the optimal spatial coverage and frequency of observations in the more variable compared to less variable regions requires more study. have put considerable effort into making reasonable estimates of these error covariances and provided checks of their consistency (refer to section 4.1 of Kerry et al. [2016] ) they are not the true error covariances. Indeed, estimating the error covariances is one of the largest areas of continued research in data assimilation.
Constraining the transport and EKE
The impact of each specific observation on our transport and EKE estimates depends on how the information carried by the observation is projected into model space through the data assimilation technique to alter the model state estimate. As the EAC is a geostrophic flow, there is a corresponding surface displacement and isopycnal tilt associated with the flow. Observations that provide information about the surface displacement and the isopycnal tilt across the current will constrain the transport.
The geostrophic balance gives rise to the thermal wind equations which describe the proportionality between the vertical derivative of velocity and the horizontal components of the density gradient (refer to Gill [1982] , Equations 7.7.9). Integrating twice from the surface to the depth of no motion, assuming a constant horizontal density gradient, gives the alongshore transport,
where z * is the depth of no motion and x represents the cross distance. So the transport increment between the forecast and the analysis is proportional to the difference in the cross-shore density gradient.
Both barotropic and baroclinic instabilities are thought to drive eddy formation and evolution in the EAC [Mata et al., 2006] . Studies of the EAC suggest that north of c 2018 American Geophysical Union. All Rights Reserved.
and at the separation zone, barotopic instabilities allow perturbations to grow leading up to an eddy shedding event, and once the eddies shed their evolution is likely driven by baroclinic instability [Mata et al., 2006; Macdonald et al., 2016] . Increments in the EKE in the Tasman Sea region may result from adjustments to the current flow north of its separation, driving changes to the eddy shedding dynamics (typically driven by barotropic instabilties), or changes to the eddies' evolution (due to baroclinic instabilities). Lindzen and Farrell [1980] show that the growth rate of the fastest growing baroclinic instability is strongly dependent on the horizontal density gradient. As such, EKE also relies strongly on subsurface structure.
The subsurface ocean is typically under-sampled. Although we make use of several subsurface observation platforms (gliders, moorings, Argo floats and XBTs), the observations remain temporally and spatially sparse, or highly localised. By quantifying the impacts we have shown the relative influence of various observation platforms, with the dominant platforms being the SST, the HF radar array, the SSH, the EAC mooring array, and the ocean gliders. Note that the three most dominant platforms sample only the sea surface.
These relative impacts represent an average over the 2-year period (the impacts for each 5-day assimilation window are flow dependent and vary considerably from one window to the next) and are summed across all observations in each platform so are influenced by data volume. Satellite-derived surface observations (SST and SSH) are widespread across the model domain and regularly available. The SST data in particular has a high spatial resolution of 4km and is available 2-3 times a day in the absence of clouds. These observations are important in defining the boundaries of the mesoscale eddies and constraining their surface expression, key to representing their temporal and spatial evolution. The c 2018 American Geophysical Union. All Rights Reserved.
surface tilt associated with mesoscale eddies is projected into subsurface, to alter the isopycnal tilt. Surface current observations from the HF radar prove particularly useful in constraining the EAC flow where it is mostly coherent (Brisbane and Coffs Harbour) while satellite observations are more useful, on average, where volume transport is eddy-driven (Sydney and Narooma, Table 1 ).
In the assimilation we adjust the initial and boundary conditions and the surface forcing, and adjustments to initial conditions are almost entirely responsible for the volume transport and EKE increments. The greatest adjustments in the initial conditions are made to SSH and temperature. The spatially averaged normalised increments (increment magnitudes) for initial conditions, averaged over the 2 years, are 89% (2.6cm), 77% (0.18
51% (0.038ms −1 ), 44% (0.0087) and 38% (0.027ms −1 ) for SSH, temperature, alongshore velocity, salinity, and cross shore velocity, respectively. The normalised increments are represented as percentages that describe the mean increment adjustment relative to the typical variability of the variable over a 5-day period and allow comparison of the relative adjustments of different variables. For example, for SSH the spatially-averaged mean increment adjustment to the initial conditions is 2.61cm, and the square-root of the spatially-averaged mean 5-day variances of SSH for a long (10-year) model simulation is 2.93cm, giving a normalised increment of 89%.
It is notable that the SST observations impact the alongshore transport much more than SSH (Table 1) , despite the direct dynamical link between SSH slope and the surface geostrophic current. In the assimilation, we exclude SSH observations over water depths less than 1000 m, because the observations are noisy on the continental shelf and the AVISO gridded product is not able to resolve the processes that occur here. This equates c 2018 American Geophysical Union. All Rights Reserved.
to a distance of between 35-100 km offshore (given the model bathymetry). The four sections through which the transport is computed extend 156-200 km offshore and, given the relatively low resolution (1/4 • x 1/4 • ) of the mapped SSH product and the exclusion of SSH data along the continental shelf, the cross-shore slope along each section is described by a maximum of 4-6 data points. Therefore the SSH observations may not provide a faithful estimate of the slope across the transport sections. The SST observations dominate the total number of observations; we assimilate a total of 3.72 million SST observations over the 2-years, compared to 1.03 million subsurface temperature observations, 0.84 million SSH observations and 0.82 million subsurface velocity observations .
Over all assimilation windows, the mean percentage number of SST observations relative to the total number of observations is 43.6%, compared to 11.6% for subsurface temperature observations, 12.1% for SSH and 10.5% for subsurface velocity. As such, the SST observations make the greatest contribution to constraining temperature, and thus density, in the initial conditions, thus impacting the EAC transport estimates.
The EAC array and the gliders are the most dominant subsurface observations ( Figure   7 ). The EAC array traverses the EAC off Brisbane, providing important information to constrain the flow where it tends to be most coherent. When the glider observations become available they have high temporal and spatial density therefore providing detailed information on the depth and structure of the mixed layer and pycnocline. We found that the glider measurements had large impacts on EAC transport and EKE for the time periods that they sampled eddies offshore of the continental shelf off Sydney. Averaged over the assimilation periods for which they were sampling, the offshore gliders had percentage impacts of 28-36% on transport estimates through the four sections, and 38% for EKE c 2018 American Geophysical Union. All Rights Reserved.
(computed as in Equation 8
). This is a similar finding to that of Powell [2017] In this study, the HF radar and the EAC array observations have significant impacts on transport at all four cross sections. It would take 23 days for a current of 0.5ms −1 to travel the 1000km from Brisbane (the EAC array location) to Narooma, so over the 5-day c 2018 American Geophysical Union. All Rights Reserved.
assimilation windows this information cannot be carried by advection alone. Coastally trapped waves propagate with the coast to the left in the southern hemisphere and, in the southeast Australian region, typically have phase speeds of 2.1-4.0ms −1 [Maiwa et al., 2010; Woodham et al., 2013] meaning they could travel 1000km in 2.9-5.5 days. Internal waves could also potentially propagate information in this region at speeds fast enough to traverse long distances in the 5-day windows. Thus it is possible that information is translated by coastally trapped waves and internal waves, however the propagation patterns of perturbations have not been presented in this work.
Conclusion
Mesoscale eddies dominate the circulation in most WBCs and these highly dynamic regions are inherently difficult to model and observe. This study combines observations with a numerical model to predict the EAC, the WBC of the South Pacific subtropical gyre, and quantifies the value of various data streams on circulation estimates of volume transport and EKE. Averaged over the 2-year reanalysis period we find that the most influential observations are the satellite derived SST, the radial velocities from the HF radar off Coffs Harbour, the satellite derived SSH, the data from the full depth EAC mooring array and the ocean glider observations (in that order). These relative impacts are given the data volumes that were assimilated in this system; for example, the dominance of SST is due to the large number of SST observations assimilated.
Overall, we find that observations taken in regions with greater natural variability cause the greatest change in our circulation estimates. SSH and SST observations of the region of elevated eddy energy between 32-37 • S have more impact per observation on transport estimates along the coast than the same observations taken elsewhere. Observations c 2018 American Geophysical Union. All Rights Reserved.
taken in the upper 400m of the water column contribute more to changes in the circulation estimates than deeper observations, as they sample the depth region of greatest uncertainty and reveal information about the structure of the mixed layer and pycnocline. The observation impact of gliders deployed into EAC eddies off Sydney is particularly high.
We show the far reaching effect of some localised observation platforms as, with 4D-Var, information captured by the observations propagates in the ocean in space and time. The HF radar observations have high impact on transport estimates at the instrument location, but they also have significant impact hundreds of kilometers both up and downstream.
Likewise, the impact of the EAC transport array is far reaching, contributing to transport estimates up to 1000 kilometers downstream of its location.
This study reveals the relative impacts of the different observation platforms that inform estimates of our chosen circulation measures, given our rigorously-tuned data assimilative model of the south east Australian region. These circulation measures were chosen because hindcasting and forecasting EAC transport and eddy intensity is of fundamental importance. Different circulation measures may be impacted differently. Understanding which observations are useful in informing model estimates of the EAC is a key step towards providing improved state estimates and predictions.
While this study is specific to the EAC region and the specific observing system, its findings are widely relevant to data assimilation systems of other regions. The results are particularly relevant to other WBCs in which the flow typically evolves from a more coherent jet adjacent to the coast to an eddy field. More work is required to understand the relative importance of observing the variable versus less variable regions of the ocean to achieve optimum state estimates and predictions.
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